Abstract-This article presents a mechanism to infer mood states, aiming to provide virtual learning environments (VLE) with a tool able to recognize the student's motivation. The inference model has as its parameters personality traits, motivational factors obtained through behavioral standards and the affective subjectivity identified in texts made available in the communication functionalities of the VLE. In the inference machine, such variables are treated under probability reasoning, more precisely by bayesian networks.
I. INTRODUCTION
This article presents studies and results obtained in the incorporation of a framework conceived to infer mood states in a virtual learning environment (VLE). It is a study carried out in the scope of a wider investigation, undertaken by the Center of Technology Applied to Education (NUTED) along with the Group of Affective Computing Applied to Education (GCAE) from the Federal University of Rio Grande do Sul (UFRGS).
In this context, the research aims to examine how the affective dimension is expressed in a virtual context and, mainly, how it is manifested in the learning process along the interactions that take place in such environments.
Concerning the study, the hypothesis is that it is possible to recognize the mood states of a student in a VLE through a computing model. Such model is used so as to establish correlations between selected variables, such as personality traits, motivational factors, and affective subjectivity identified in texts made available in a virtual environment. The platform used was the ROODA VLE from UFRGS.
In a VLE, the subjects participating do not interact only with the technological infrastructure -graphics interface, synchronous/asynchronous communication tools and other functionalities. There is also, in such environments, the formation of several relationships, such as cognitive, affective, symbolic and socio-behavioral [1] . As a result, a VLE has potentialities that go beyond a mere content repository, organization of a discipline/course or contact among participants. It is possible to see a new approach to VLE, whose technological functionalities represent important sources for the inference of affective aspects.
Related to this new approach, Affective Computing [2] congregates techniques of Artificial Intelligence, Software Engineering, and Computer Engineering, focusing on affectivity and its role in human experience. However, it is still difficult to model emotions in computing systems, mainly because of three factors, according to Bercht [3] : the strong influence of Cartesian thought, which sees reason as opposed to emotion; the lack of definition of the terms associated with affectivity; and, finally, in terms of computing, the use of logic and formalisms aiming exclusively to the representation of knowledge.
The dichotomic view between cognition and affectivity has remained up to very recently since Plato distinguished the body from the "soul" structuring it as divided into cognition, emotion, and volition. Although Piaget [4] and Vygotsky [5] had demonstrated interest in the relation between cognition and the affective aspects, only after the 1980's affectivity in cognitive activities began to be emphasized, as it is verified in the theories of Zajonc [6] and Lazarus [7] . Later, the researches of neuroscientists such as Damásio [8] and Le Doux [9] presented significant evidence of the relationships between cognition and affectivity.
Concerning the definition of the terms related to affectivity, such as emotion, mood state, motivation, feeling, etc., are approached by several psychological theories and, even within their scope, according to different guidelines. For this reason, the distinct ways to define the various affective phenomena raise doubts regarding their differentiation. Scherer [10] has formulated criteria to distinguish them (importance of the event, type of appraisal, synchronization with the several organic subsystems, impact on the behavior, intensity, and duration). It is based on such criteria that, for the purpose of this study, the terms emotion and mood states will be defined, mainly the last one, which is particularly relevant to the objectives of this investigation.
Although emotion in common sense is taken as a synonym for affectivity and, oftentimes, it is confounded with feeling, it consists of a short affective state, with high intensity and with synchronized response to an event. An emotion can be classified as primary (basic or utilitarian) or secondary (or social). Primary emotions (fear, anger, sadness, happiness, surprise, despise and disgust) serve to guarantee survival, and were widely discussed by Ekman [11] . On the other hand, secondary emotions (arrogance, preoccupation, restlessness, sorrow/grief, enthusiasm, etc.) are acquired or learned from primary emotions as daily situations are faced as well as their developments.
In their turn, mood states represent a type of background emotion [8] , with diffuse profile, of low intensity PAPER MOOD INFERENCE MACHINE: FRAMEWORK TO INFER AFFECTIVE PHENOMENA IN ROODA VIRTUAL LEARNING ENVIRONMENT and duration. These states, it is worth noticing, can be triggered both by primary and secondary emotions [12] .
Besides the factors discussed above, the difficulty in modeling affective phenomena in computing systems resides in the use of models created sob the Cartesian scientific method. These formal models represent cognitive mechanisms and they are examined according to the reductionist vision (the complex world must be divided into simpler parts). However, in some cases they can deal with complete and immutable domains and in others with uncertain reasoning domains.
Fellous, Armony and Le Doux [13] state that the techniques of Artificial Intelligence can be used to model cognitive processes (appraisals), even though each of them implies theoretical difficulties. Thus, when modeling affective phenomena, it is necessary to evaluate which is the most adequate model to represent knowledge, and also to identify the technologies that support it [14] . It is certain, however, that there are no models that are perfect to and able to identify the affective states. At times, mixing models might lead to better results than being restricted to a single model [2] .
In this context, this article presents studies and the evaluation of results obtained in the application of a Bayesian Network (BN) with the aim of inferring the mood states. Such investigation was conducted based on undergraduate disciplines, which were supported by ROODA VLE. In the next section, studies related to the inference methods based on BNs are compiled. In section 3, the student's affective model is presented and in section 4 the mapping of the mood states. Section 5 deals with ROODA, the environment of application. Section 6 shows the inference machine proposed and 7 the experiment and the results found. Finally, some considerations about the research performed are made.
II. RELATED STUDIES
Investigations about the recognition of emotions in a virtual environment and their modeling from BN are presented in [15, 16, 17, 18, 19] . Studies that involve personified and conversational agents became well-known. Based on information about the facial expressions, they infer emotion [15, 16] and mood states [16] of the user so as to generate adequate behaviors to interact with the user.
Other authors suggest the use of BN in computing agents conceived in order to infer students' emotions in collaborative games [17, 18] and in specialist systems [19] . The social agent proposed by Boff [19] takes into consideration the individual characteristics of the student, such as performance, social profile, acceptance (on the part of a classmate), affective state, personality traits, in order to identify the student's profile in the proposition of work groups. Conati's model [17] evaluates emotional states from a monitoring of student's interactions in an educational game considering the objectives and preferences (body expressivity is also evidence). A similar approach was adopted by Pantarolo [18] . His studies are based on a collaborative game. It infers the student's emotions in relation to himself/herself and to the other colleagues.
Under the strong influence of studies [17, 18, 19] , the affective model defined for the purpose of this investigation is supported by a semantic network. The model aims 
III. STUDENT´S AFFECTIVE MODEL
The proposal of student's affective model, represented by the semantic network illustrated in Fig. 1 , is inspired by Scherer's model [10] .
In our model, the affective subjectivity in a text is considered as one of the explanatory variables of the student's mood state. It involves a unilateral judgment [20] , which is consolidated as the student records the preoccupations, successes, and motivations in the texts made available in the communication functionalities of the VLE.
Affective subjectivity is inferred through the framework AWM (Affective Word Mining) [21] , whose objective is to identify and to classify the words that have affective connotation present in a text. For this purpose, the mining process extracts the affective lexemes, which are submitted to a classification. The classification process consists of verifying in which position of the Roda dos Estados Afetivos -REA ("Emotion Wheel") each lexeme is inserted (the mapping of the mood states in REA is presented in the next section).
Observable behavior is understood as a systematic set of actions adopted by the student in the VLE. This way, the behavioral patterns indicate the motivational degree in the environment. We used the Bercht model [22] that was inspired in del Soldato and du Boulay [23] factors: Confidence, Effort, and Independence. These factors are considered as a marker of the mood states and each one is identified from the variables such as: number of accesses to the functionalities of ROODA, number of contributions to forums, frequency of participation, manner/mode of interaction with the participants, help and time of permanence in the session. The motivational degree of each factor is inferred by the framework BFC (Behavioral Factor Calculation) described in [24] .
Personality traits constitute patterns through which the subject perceives reality and explain how the subject establishes social connections. They are usually determined by models characterized as factors or dimensions, which denote the specificity of an individual.
These dimensions are obtained through the application of psychometric tests. In this study, the instrument IFPInventário Fatorial de Personalidade ("Personality Factor Inventory") [25] was used, being applied and analyzed by a psychologist. The choice of the IFP is justified by the fact that it represents an instrument adapted to the Brazilian reality, reliable, and of verbal nature, which is more consistent with the purpose of this research. For this investigation, nine dimensions were selected: assistance, dominance, denegation, performance, aggression, order, persistence, change, and autonomy.
The three variables (personality traits, motivational factors, and affective subjectivity in a text) integrate the subsystem of information processing or cognitive appraisal [10] to determine the corresponding mood state. The other subsystems of Scherer's model that deal with physiological regulation, body dramatization, preparation for action to be taken and monitoring of subjective sentiment are not being contemplated in this study.
IV. MAPPING OF THE MOOD STATES Scherer and Tran [26, 27] described the impact of some affective phenomena on the learning process, especially on organizations in order to indicate which of them would influence on decision taking processes. The authors identified four classes of emotions: approach, achievement, resignation, and antagonistic.
The emotions, classified into affective families, are positioned in a space of representation according to what is presented in Fig. 2 . This space, denominated REA in our research, is based on Trans's work [27] . Affective families in the REA constitute tags for a group of emotions. The position of the families in each quadrant of the REA is based on empirical justifications and on an extensive theoretical study conducted by Scherer [10] and Tran [27] .
In this study, two classes of mood states are considered: being interested and being satisfied. Each class, in its turn, is divided into two subclasses based on the positive and negative valence: interested, uninterested, satisfied, and dissatisfied.
A. Being Interested
The term interested, in its figurative sense, designates the participation of the subjective in the acts of perception, representation, and thought [20] (on something or someone). It is the mood state that drives (or not) toward the pursued objectives. It can be identified in both the negative and the positive senses.
In the educational context, being interested evidences that the student, somehow, demonstrates surprise, interest, hope and/or relief to face the challenges of learning, which lead to collaboration and cooperation. These emotional families are associated with positive valence and low control over the events causing the affective state and their unfolding. That is, as the content is presented, the student shows willingness to trust even if the student holds little control over the learning experiences. It is said in this case that the mood state is future-oriented. It is composed of approach emotions, which imbue the student with positive encouragement to explore, develop and continue learning.
It is possible, however, that such approach emotions take negative connotation: being too quiet (relief) can induce a student to withdraw; being very hopeful can take one to the disengagement and practicing inappropriate actions; being too interested may distract someone; being overly surprised might originate confusing ideas or leave one paralyzed, inert or indifferent to learning. The mood state uninterested suggests that the student demonstrates (or represses the manifestation of) sadness, fear, shame and/or guilt for not being able to follow the contents. These affective families are characterized by a negative valence, low control over the events and their possible consequences as well as tendency to submission or renunciation. They are composed of resignation emotions, that is, those that can, at the limit, lead the student to quitting. Nevertheless, they might have positive implications so as to allow a recovery time to rethink attitudes, readapting to new conditions or avoiding problems.
B. Being Satisfied
The term satisfaction denotes the pleasure arising from the realization of what is expected, of what is wanted. In a positive sense, the mood state satisfied indicates that the student shows, in some way, satisfaction, joy, elation and/or pride in completing a task.
These affective families include positive valence and significant control over the events and their consequences, providing improved self-esteem and well-being. They are composed by achievement emotions, that is, those which establish an objective to be achieved and celebration of success.
When such emotions are overflowing, there may be adverse implications. In fact, a very proud student may provoke envy and hostility (needing, then, to deal with conflicts). One must consider that too much happiness or excitement can lead to a decline in productivity as well as high satisfaction might discourage the exploration of new alternatives.
With regard to the inference of the dissatisfied mood state, usually the student expresses, or tries not to show, anger, contempt, disgust and/or envy. These affective families, which are attributed negative valence and high control over the events and their consequences, reveal, especially aggressiveness. They are composed of antagonistic emotions, from which the student may encourage retaliation or revenge intentions.
On the other hand, they may have desirable implications, such as keeping the group together to achieve the goals and the ability to counter the injustices or overcome obstacles. Envy, in its positive sense, provokes admiration for the examples of peers and teachers, suggesting that they should follow the same path. Disgust may indicate that it is time to change positions, attitudes or behaviors. [1] , having implicit the interactionist conception from Piaget. The available functionalities in the ROODA might be grouped into classes: general resources, activity monitoring, publication of materials and communication.
The group of functionalities that includes general resources lets you view and change registration information, customize the user interface, record deadlines in the discipline, check the history of accesses to the functionalities and access the Help item. The functionalities of activity monitoring are responsible for making available class and study contents, exercises, and the participation in surveys. The resources of publication of materials allow the disclosure of personal and group material with the possibility of limiting the display of the content published. Finally, the tools of synchronous and asynchronous communication integrate the group of functionalities of communication. These enable virtual meetings and meeting spaces, supporting the movement of talks, discussions and coordination during the course.
The inference machine of the mood states is coupled with the ROODA VLE through the functionality ROODAafeto, developed by the NUTED/UFRGS. The new functionality integrates the class general resources of the ROODA VLE.
VI. PROBABILITY REASONING Bayesian Network (BN) is a computing abstraction chosen to support the semantic network described in section 3. Such choice is based on that it represents an adequate technology as it considers the aspects of uncertainty inherent to the affective dimension and also because it deals with the dynamic aspects.
It is understood that uniting personality traits to the affective subjectivity recognized in texts, as well as motivational factors obtained from behavioral patterns, supplies conditions to infer the student's mood status in a discipline/group developed (in part or as a whole) through a VLE. Affective subjectivity in texts recorded in the synchronous/asynchronous communication tools is considered to attribute higher or lower weight in the inference, and also constitute spontaneous manifestation. The student's affective model is applied on a BN so as to obtain statistical inferences, considering the probabilities associated with the events observed.
The BN is a type of semantic network represented by an acyclic directed graph, in which each node possesses probability information [28] . The nodes represent random variables (discreet or continuous) of the problem with measures of uncertainty associated. The links between nodes are made by arches that define the relations. The arcs identify the logical precedence or causal influence between variables connected. This precedence, or influence, determines the distribution of conditional probability, that is, a quantification of the effect of the father nodes upon the children nodes.
The BN can be analyzed from two perspectives: qualitative, as the graphic model represents the dependence between nodes, and quantitative by means of conditional probability tables (CPT). Thus, the reasons that justify the option for a BN in this work are: 1) the BN can express assertions of independence in visual form and, for this reason, it is possible to have a semantic perception of the problem, 2) the BN is suitable to represent and reason with uncertainty, with imprecision and probabilities, important characteristics that involve the treatment of affective aspects, 3) the BN represents and stores a joint distribution in a reduced way, exploring the sparsity of the relationship among the variables, and 4) the BN makes the inference process efficient from the computational point of view, although the probability distribution might grow exponentially.
The BN, designed in the NETICA software and presented in two parts in Fig. 3 , represents the relations of the variables seen in Fig. 1 . The variable Predominância-FP serves as a connection between the two networks. Once the topology of the network was specified, the CPT of each node was defined. Initially, a priori values are attributed to the probability of the independent variables (or nodes). The values are updated as the inference machine receives information on student data. This adjustment characterizes the new observations made on the student.
VII. EXPERIMENT AND RESULTS
The functionality ROODAafeto, that congregates the frameworks AWM and BFC, was the resource which made it possible to collect data. The construction of the first framework was based on the Orengo [29] and Pasqualotti [30] works, while the model used in the second was based on Bercht model [22] . Information about the personality traits were obtained through the questionnaires of IFP [25] and self-evaluation from REA of eight students of two disciplines of the undergraduate program in Pedagogy from UFRGS (here we are presenting de first results).
The disciplines were taught in the face-to-face mode and the ROODA VLE served as support for the discussions outside the classroom. The communication functionalities used were the Forum and the Logbook. The case study students (4 male and 4 female) agreed to participate in our study voluntarily. Data collection was carried out along the first half of 2010. However, in this study, data concerning the first six weeks of the course is presented. During that time we recorded most of the contributions in the ROODA VLE. Table 1 shows the results produced by the first part of the BN, whose topology is illustrated in Fig. 3 . Probabilities highlighted inform the belief about the prevalence of personality traits. Table 2 presents the results obtained by the AWM framework used to identify the emotional subjectivity in messages posted in the communication functionalities. The AWM framework defines the quadrant, sub quadrant and the intensity of the affective state. In Table 2 , the quadrants recognized (Int -Interested, SatSatisfied, Und -Undefined) are presented. It is possible to observe in this table that students 192 and 561 did not show texts with affective connotation and 756 and 950 were the ones that exposed their subjectivity the most in the messages posted. Table 3 shows the results obtained by the inference machine based on the BN technique to generate estimate of occurrence of the mood states. Based on the degrees of the motivational factors Confidence, Effort and Independence, informed by the framework BFC, it was possible to verify the student's level of motivation in the six weeks of study. The level of motivation is presented in columns M (Motivated) and NM (Not Motivated).
It is observed in Table 3 that the values obtained for the students 192 and 561 define a higher estimate for Undefined although both were moderately motivated. The 756 student, fairly discouraged due to the way he or she behaved in the environment, presents results consistent with what is expressed in Table 2 . The personality traits of this student confirmed the negative trend regarding (Table 1) . However, this student demonstrates a personality trait known as social desirability (SD) [25] , as seen in his/her questionnaire IFP. SD in the IFP indicates the tendency of the research participant to present responses considered more acceptable, in short, that they are for social approval. The participants tend to conceal their opinions or their behavior, considering them socially undesirable. This may explain why the inference machine decided by the mood state that is "more favorable" to learning in relation to the poorly motivated student (relative to peers).
The 950 student shows a behavior similar to the 756, but with low SD. It can be concluded, therefore, the student showed to be really enthusiastic about the discipline. For the other students, the inference machine showed results similar to those expected.
VIII. FINAL CONSIDERATIONS
The recognition of the affective states involves the capture and analysis of signals, which can be transformed into data for the construction of the user's affective model. Through it, the computer system can infer the reasons why the user has experienced a certain affective episode. For this purpose, it is necessary to construct and dynamically update the user's affective-cognitive model, contemplating the uncertainties of the data obtained in the recognition and the influence of the cognitive on the affective and vice versa.
The dynamic approach requires: a) the uncertainties arising from the type of model to be used to represent affectivity (Scherer's model), and b) possible failure to understand the variables used, given the probable instability of the "signs" captured. The use of probability reasoning implemented through BN is then started.
This study presents state of the art on the process of construction of an inference machine of the student's mood state in VLE. The machine (and the frameworks associated) inserted in the functionality ROODAafeto are being tested in the ROODA development environment.
In order to evaluate the possibility of construction, an experiment, whose data was submitted to a network prototype implemented though the software NETICA was conducted. In the simulation, the student counts on a cognitive and affective representation limited to the characteristics indispensible to the initial purposes of the research. This model aims to formalize their inter-relationships, either with the system or with colleagues. And even with the teachers and/or tutors. There is the prospect of developing two new studies. The first one, related to the incorporation of new features to the student's affective model, such as the learning style, according to Felder and Silverman [31] and the social attitude, identified through sociometric studies [32] . The second path to be taken refers to the inclusion of new variables in the calculation of motivational factors. Currently, only the variables associated with the communication tools of the ROODA VLE are considered in the calculation of behavioral patterns.
The objective of the research is to construct an adaptive computing system, that is, sufficiently dynamics and flexible in face of the characteristics of each student. From this, eventually, a new posture in relation to the interactions that are formed in the environment might result. Anyway, it is important to recognize that the teaching activity, mainly in a virtual environment, is a complex process. As such, aware of different potentialities, it is important to discuss if the difficulties found originate in technological or pedagogical deficiencies, or still, if they result from other reasons such those of individual nature.
